Abstract: Improving the speed and accuracy of earthquake disaster loss evaluations is very 14 important for disaster response and rescue. This paper presents a new method for urban damage 15 assessments after earthquake disasters by using a change detection technique between bi-16 temporal (pre-and post-event) high-resolution optical images. A similarity index derived from a 17 pair of images was used to extract the characteristics of collapsed buildings. In this paper, the 18 methods are illustrated using two case studies. Our results confirmed the effectiveness and 19 precision of the proposed technique with optical data of the damage presented using a block scale.
Introduction

22
After an earthquake disaster, obtaining the spatial distribution of earthquake damage 23 information quickly and allotting limited resources to rescue activities is an important approach 24 to reduce loss. Remote sensing (RS) is an efficient tool for obtaining building damage information 25 over short periods (Joyce et al., 2009; Voigt et al., 2007; Fan et al., 2017) . RAPIDMAP refers to the 26 use of real-time remote sensing data acquired immediately after an earthquake to reveal the 27 regional influence and extent of the earthquake (Erdik et al., 2011) .
28
The reduction in casualties in urban areas immediately following an earthquake can be 
36
(Directorate Space) provides a large set of parameters for users to choose to produce rapid 37 mapping.
38
By using remote sensing images before and after an earthquake, we can effectively assess the 
117
Two aerial images were acquired to map the damage caused by the earthquake in the town of hard-hit areas, particularly urban areas, was important for the rescue planning actions.
141
A post-earthquake QuickBird image from 2010-04-15 (just one day after the earthquake)
142
and a pre-earthquake IKONOS-2 image which is imaged on 2007-11-22 was used in the study.
143
For both the pre-and post-earthquake data, a multispectral image with three optical bands and Table 1 ). Furthermore, the 147 radiometric resolution, originally 11-bit, was reduced to 8-bit. All images were projected to UTM
148
47N and geo-registered. An overview of the images is shown in Figure 3 .
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153
The well-cited structural similarity (SSIM) index (Wang et al., 2004) , which assumes that 154 natural images are highly structured, has previously been used for evaluating remote sensing 155 image quality and detecting change (Wang, 2010) . The structural information in an image is 156 defined as the attributes that represent the structure of the objects in the scene, independent of 157 the average luminance and contrast (Wang et al., 2004) .
158
The structural similarity of two image blocks x and y is defined as follows:
where , , , , and are the mean of image block x, mean of image block y, variance of 160 image block x, variance of image block y, and covariance of block x and block y, respectively.
161
1 , 2 and 3 are small constants used to prevent the denominator from equaling zero.
162
The SSIM for the image blocks is given as follows:
163
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where ,β and γ are positive constants used to adjust the relative importance of the three 
172
As minor variants of SSIM, these schemes were lacking due to the considerations of the 173 calibration and registration precision in remote sensing images.
174
Gradient Similarity Index
175
With the gradient image computed for bi-temporal images, the gradient similarity index 176 for a target area can be described as the dissimilarity between structural features. Thus, a 177 mathematical dissimilarity measure can be obtained to quantify the degree of structural damage.
178
Mathematically, a dissimilarity measure is a functional that associates a numeric value with a 179 pair of functions, whose value monotonically varies with a degree of dissimilarity between the 180 two functions. In our treatment, the gradient similarity index used in this study was defined as 
185
The initial form of the proposed scheme in Equation (5) was mathematically similar to the 186 luminance/contrast comparison term of SSIM and was more effective than that in the SSIM for 187 remote sensing image change detection.
188
The formulation for ( , ) measures both image contrast (the degree of signal variation) 189 change and image structure (structure of objects in the scene) change as the gradient value is a 
204
Although the afore-mentioned changes in structural features were diverse, they could be 
223
Improved Gradient Similarity Index
224
Here, we considered that calibration and registration errors occur in remote sensing images.
225
As the formulate g(x, y) is a structure variant feature derived from image gradient features, this 226 method is robust for low precision calibration.
227
If two images are not in perfect alignment before change detection, the resulting difference Nat 
242
In this study, a smoothing-like filter was used for registration-noise reduction. This was
243
achieved by moving a max-filter over the similarity image and replacing the center pixel with the 244 maximum value in the moving window. The max-filter function takes a similar form,
where S(W) is the original gradient similarity, calculated using corresponding pixels from the 
Rapid Mapping Method for Damaged Buildings
261
In this study, we present the first results of RAPIDMAP aimed at change detection based 262 on pre-and post-event optical images. Two pre-and post-event images were used, as shown in
263
Section 2. The acquisition time of the post-event image was just one day after the earthquake 264 occurred, therefore we assumed that the destruction caused by the earthquake was captured 265 completely. Our focus was on the possibility of a rough estimate of damage at a block scale.
266
A multi-stage earthquake rapid mapping method based on change detection with gradient 267 similarity was proposed. The general concept of the proposed method can be summarized as 268 follows. To reduce spectral confusion between buildings and other ground objects (such as intact 269 buildings and pavements) rather than extracting collapsed buildings directly from bi-temporal 270 images of the entire study area, buildings and other relevant land-cover types were first extracted 271 from post-event data using different features and masked. Images of the remaining area were 272 then used to extract collapsed buildings and conduct rapid damage analysis.
273
As object-based analysis methods generally outperform pixel-based methods, the 274 detection of collapsed buildings was implemented at the object level in this study. Specifically,
275
the proposed method included three successive steps. First, after segmentation of pre-event
276
images, buildings, pavements (e.g., roads and parking lots), vegetation, and shadows, which
277
were apparently not collapsed buildings, were extracted using pre-event imagery and masked.
278
Both spectral and texture images of the remaining area were then classified to extract the 279 collapsed buildings. Finally, a post-processing step was performed to refine the results obtained.
280
The procedure of the proposed method is shown in Figure 8 . decision is based on local homogeneity criteria, describing the similarity of adjacent image objects.
295
A 'merging cost,' which represents the degree of fitting, is also assigned to each possible merge.
296
For a possible merge, the degree of fitting is evaluated and the merge is fulfilled if it is smaller 297 than a given 'least degree of fitting.' The 'least degree of fitting' value is termed the scale 298 parameter. The procedure stops when there are no more possible merges.
299
After image segmentation, the average DN value of pixels within each segment for each 
The Difference Image Generation for Damaged Buildings
305
The simple assumption made in this study was that if a building was damaged, then its 
Object-Based Damage Assessment at the Block Level
317
Given a pair of bi-temporal satellite images u0(x, y) and u1(x, y), the gradient similarity 318 index defined in Equation (4) was used to generate similarity measurements at an individual 319 patch. Due to the underlying monotonic relation between the damage measures and potential 320 damage levels, simple thresholding or learning-based classification methods can be used to 321 generate a pixel-wise, binary-level changing stage.
322
Damage detection means discriminating damaged blocks from undamaged ones. To necessary to compute the damage area ratio (DAR) for each city block, and to label it with 342 different damage levels using the flowchart shown in Figure 10 .
343
DAR is computed as:
where is the DAR value on the ith object polygon; is the "damage flag" (with values 0 345 or 1) indicating whether pixel j in the polygon was damaged by the earthquake; and is the total 346 area of the ith polygon.
347
Results and Discussion
348
Following the methodology described in Section 4, extracted damage information from 349 images is presented and discussed here. Entire data and IDL code used in this research can be 350 seen on the website: (Ci, 2017).
351
Airborne Data
352
In Figure 2 , a pair of bi-temporal panchromatic images were shown. The two images, with Table 3 .
366
This experiment was implemented in the IDL programming language and used about 45 367 min on a computer with an intel i7 3.4GHz CPU and 12G memory. Efficiency could be highly 368 improved if we rewrote the code with parallel technology.
370
Satellite Data
371
We used the same method on the satellite dataset described in Section 2. 
Discussion
386
We obtained the actual changed buildings by visual interpretation and overlaid it with the 387 change detection results to get the precision statistics of the two experimental areas (see Table 2 ).
388
To prove the effectiveness of moving distance, we compare the accuracy assessment of different We also compared the DAR based on the calculated GSI and expert judgement in the study 398 area. We divided the whole area into six blocks and send the image to four experts who have there is a correlation between DAR and expert judgement.
403 Table 3 . The expert judgements for study areas. 
